This paper describes the use of the Morlet wavelet transform to investigate the difference in the time-frequency plane between uterine EMG signals recorded simultaneously on two different sites on women's abdomen, both during pregnancy and in labor. The methods used are wavelet transform, cross wavelet transform, phase/amplitude correlation, and phase synchronization. We computed the linear relationship and phase synchronization between uterine signals measured during the same contractions at two different sites on data obtained from women during pregnancy and labor. The results show that the Morlet wavelet transform can successfully analyze and quantify the relationship between uterine electrical activities at different sites and could be employed to investigate the evolution of uterine contraction from pregnancy to labor.
Introduction
There are many open questions concerning the functioning of the human uterus. One of these open questions concerns exactly how the uterus operates as an organ to perform the very organized act of contracting, in a synchronized way, to expulse a new human into this world. If we do not understand how the uterus works when it is working normally, it is obvious that we will not be able to detect or even prevent problems when it does not work properly leading to child born before time, sometimes with tragic consequences.
Uterine electromyography has been a research subject for many years since the 1950s. It has been proven to be of interest for pregnancy and parturition monitoring [1] [2] [3] [4] .
Uterine electromyogram recorded externally in women, the so-called electrohysterogram (EHG), has been proven to be representative of uterine contractility. The analysis of this signal may allow the prediction of a preterm labor threat as soon as 28 weeks of gestation (WG) [5] .
One of the ways used to understand the functioning of biological systems is the detection of the relationship between signals. Several methods are proposed; it can be done by detecting the amplitude correlation (linear and nonlinear regression. . .), or the frequency relation (coherence. . .), or the phase synchronization and the dependency in time-frequency domain.
There have been little studies in the past concerning the application of these methods on EHG signals. One of the most important work was Marque et al. who showed, by using linear correlation coefficient, that the strongest correlation between bursts is located at the low frequency component [6] . The intercorrelation is however a temporal method; it cannot be used to analyze the interplay of various frequency components independently.
Furthermore, classical interrelation measures such as Fourier-based coherence and correlation rely on the stationarity of the measured signals, which is a condition that is rarely fulfilled with real biological signals.
Time frequency distributions (TFDs) were introduced as means of representing signals whose frequency content 2 EURASIP Journal on Advances in Signal Processing is varying with time, and for which both time domain representations and frequency domain representations are inadequate to appropriately describe the signal. Many different TFDs of a signal exist, including, but not limited to, the Wigner-Ville distribution (WVD), the spectrogram using a Short Time Fourier Transform (STFT), the wavelet transform (WT), the Hilbert Huang transform (HHT) and other methods that evaluate several parameters with TFD, such as the relationship between the instantaneous frequency (IF) and the TFD's [7] . Recently, alternative tools based on wavelet analysis have been developed and successfully applied to biological signals like EEG/MEG signals [8] . They allow tracking the time course of coherence in nonstationary neuronal signals with good temporal and frequency resolution.
Several approaches have been taken to study the relationship between nonstationary signals in the time-frequency domain. The three main approaches are (1) multiple window time frequency analysis (MW-TFA) [9] ,
time varying causal coherence function (TVCCF) based on the multivariate autoregressive model [11] .
We chose to use the complex-wavelet analysis because, due to its variable window length, depending on the analyzed frequency band, it does not suppose a particular model of the data. Furthermore, another advantage is the possibility it offers to extract phase information. In addition, the wavelet analysis has been used with success on many types of signals such as EEG signals [12] as well as geophysical time series [13] .
In a previous work, we have used the "wavelet coherence" to detect the interaction between the uterine electrical activities [14] .
The results has shown the presence of higher coherence at the low frequency with constant phase shift [15] . Another interesting result is the possibility to use wavelet coherence on the whole signal without segmentation of the bursts of contractile activity [14] . However, the wavelet coherence depends on both amplitude and phase of the time series. Therefore, we cannot detect the nature of the relation by using the wavelet coherence.
The aim of this work is to separate the two kinds of information (phase and amplitude) in order to detect the nature of the relation between the uterine bursts in the time-frequency plane. First, we compute the scalogram of two uterine bursts and get their cross-scalogram. We then use two methods to describe phase and amplitude relation. The first method is the wavelet local correlation coefficient (WLCC), which detects the phase correlation. The second one is the cross wavelet coherence function (CWCF), which detects the amplitude correlation. The phase synchronization is described by the wavelet synchronization index, which can reveal the phase synchronization in the time-frequency domain. This index is used to evidence a difference between sets of uterine bursts during pregnancy and labor. The signals used for this study were the bipolar signals Vb7-Vb8 ( Figure 1 ) corresponding to two channels on the median vertical axis of the uterus. The signal sampling rate was 200 Hz on 16 bits. The recording device has an antialiasing filter with a low pass cutoff frequency of 100 Hz and is capable of recording DC. The concurrent tocodynamometer paper trace (tocographic trace) was digitized in order to ease the identification of contractions. The EHG signals were segmented manually to extract segments containing uterine activity bursts. Table 1 resumes the segmentation information about the bursts shown in Figure 1. 
Wavelet Analysis.
The wavelet transform can be used to analyze time series that contain nonstationary power for many different frequencies [16] .
The continuous wavelet transform (CWT) can decompose a signal into a set of finite basis functions. Wavelet coefficients W X (a, τ) are produced through the convolution of a mother wavelet function Ψ(t) with the analyzed signal
where a and τ denote the scale and translation parameters respectively; * denotes complex conjugation. By adjusting the scale a, a series of different frequency components in the signal can be extracted. The √ a is for energy normalization across the different scales. The wavelet transforms, thus projects the information of the time series X(t) on the two dimension space (scale a and translation τ).
In this study, we used the complex Morlet wavelet, given by
where ω 0 is the wavelet central pulsation. In this paper, we used ω 0 = 2π. Morlet wavelet is a Gaussian-windowed complex sinusoid; the Gaussian's second order exponential decay of the Morlet function gives a good time localization in the time domain [17] . We chose this wavelet as it provides simultaneously the signal amplitude and phase. This property allows us to use the complex Morlet Wavelet transform (cMWT) to investigate the coherence/synchronization between two signals recorded at two different sites simultaneously.
Based on cMWT, the wavelet power of a time series X(t) at the time scale space is called the scalogram. It is simply defined as the squared modulus of W X (a, τ).
Given two time series X and Y , their cMWT are
* means complex conjugation. The plot of |W XY (a, τ)| 2 is called cross-scalogram [12] . It provides the means to indicate the coincident events over frequency, for each time in the signals X and Y .
Cross-scalogram is a measure of the similarity of power, at different frequency bands, for two separate uterine signals. It gives a "direct" estimation of the correlation of two uterine activities in the time-frequency domain. So the estimated values contain bias and noise information. In preliminary work [14] , we used the wavelet coherence to describe the relation between our signals in the time-frequency domain. The wavelet coherence computes the relation in phase and amplitude simultaneously. It does not permit to describe separately the relations of amplitude and phase between two uterine electrical activities. As we are interested in identifying the nature of the relation between EHG signals, we choose to use two different methods that focus on separate aspects of the relationship between the signals, namely, the phase and the amplitude.
(i) The first method is the Wavelet local correlation coefficient (WLCC), proposed by [18] and defined as
where Re is the real part of W XY . WLCC is a tool that describes the phase correlation between two time series in the time-frequency domain.
(ii) The second method is the cross wavelet coherence function (CWCF) which computes the amplitude (intensity) relation between two signals in the time-frequency domain [19] . It is defined as
The values of CWCF range between 0 (no amplitude correlation between X and Y) and 1 (X and Y are totally correlated in amplitude).
The application of these 2 methods on EEG signals has indicated that phase correlation decreases during the transition from interictal stage to ictal stage and that amplitude correlation increases from interictal to ictal [12] .
Simultaneously, with CWCF and WLCC, we computed the phase difference between X and Y in the time-frequency plane, defined as
Re is the real part of the cross-cMWT and Im is its imaginary part.
The phase difference is represented by arrows with both methods: WLCC and CWCF. Phase arrows indicate the phase difference of the two bursts being compared. This can also be interpreted as a lead/lag: if the arrows are oriented to the right it means that the two signals are in phase and if they are oriented to the left it means that the signals are in antiphase.
The parameter used for measuring phase synchronization is the relative phase angle between two oscillatory systems. The Morlet wavelet transform acts as a bandpass filter and, at the same time, yields separate values for the instantaneous amplitude A(t) and the phase Φ(t) of a time series signal at a specific frequency. Thus, the wavelet phases of two signals X and Y can be used to determine their instantaneous phase difference in a given frequency band, and to establish a synchronization measure (Wavelet Phase Synchronization: WPS) which quantifies the coupling of phases independently from amplitude effects.
The principle of phase synchronization corresponds to a phase locking between two systems defined as
where Φ X (t) and Φ Y (t) are the unwrapped phases of the signals of the two systems and C is a constant. For real noisy data the cyclic relative phase, ϕ n,m (t)mod 2π, is preferentially used. Note that according to the above equation, the phase difference has to be calculated from the univariate phase angle. Phase locking is observed if the phase difference remains approximately constant over some time period. In order to evidence the variation of the strength of phase synchronization between two uterine segment bursts, we used the intensity of the first Fourier mode of the distribution, given by
where denotes the average over time. The measure of synchronization strength range from 0 to 1. It is also called the synchronization index. As it is the most usual case in neurophysiological signals, in this paper we use m = n = 1.
Statistical Test.
The statistical significance of the results of the two methods WLCC and CWCF was tested using surrogates. By this way, we can be sure that the results obtained are not due to chance and that they correspond to real features present in the signals. Surrogate data are time series that are generated in order to keep particular statistical characteristics of an original time series while destroying all others. They have been used to test for nonlinearity [20] and nonstationarity of time series [21] . A classical approach to construct such time series is phase randomization in the Fourier domain or simulated annealing [20] . We used the iterative amplitude adjusted Fourier transform (IAAFT) method to produce the surrogates in the case of WLCC and bootstraps in the case of CWCF. The choice of the type of surrogates depends on the way the surrogate is resampled in the particular method. We used the bootstraps in the case of CWCF (linear relation) because its resampling is linear, whereas when studying the phase correlation (nonlinear relation) nonlinear resampling is needed and IAAFT is appropriate in this case. In IAAFT, surrogates have the same power spectrum and autocorrelation function as the original time series, but their phases are totally different.
The method we propose to use in this work can be described with the following steps, for WLCC, for example, (1) 
"rank test" is used to reject or accept the hypothesis.
In a rank test, [WLCCorg; WLCCsurr (:)] is sorted in increasing order, and the rank index for WLCCorg returned. With a number of surrogates (n surr = 25 for example), if the rank of WLCCorg is unity or 25, this means that it lies in the tail of the distribution, and the null can be rejected (twotailed test) with a significance of p = 2 * (1/(n surr + 1)). In this paper, the n surr used was 100. Ranks <5 and > 95 were considered significant and the hypothesis thus rejected (P = .05). The significant values were contoured by thick black lines and arrows are only plotted inside the contoured regions but values that did not test as significant were not plotted on the graphs.
Results
As stated before, wavelet transform is a powerful tool to analyze non-stationary signals [12] . In this section we present the results of applying this powerful tool to analyze the relationship between uterine signals recorded at different sites during the same contractions. All the results were obtained using MATLAB (version 2008b) on a Pentium4 (2 GHz) PC computer. The typical computational costs are 0.12 ms per contraction for scalogram, cross-scalogram and phase synchronization, and 10 min per contraction for WLCC and CWCF with the significance test.
The scalogram displays the frequency content of the EHG signal over time. The difference in its aspect between pregnancy and labor bursts is clear and as shown in Figure 2 : in labor (Figures 2(a) and 2(b) right) there are more highfrequency components than during pregnancy (Figures 2(a)  and 2(b) left) .
In Figure 2 and Figure 3 , two EHG data sets are used: Vb7 (denoted by X) and Vb8 (denoted by Y ). Their MWT are W X (a, τ) and W Y (a, τ) The cross-scalogram shows that the highest levels of common power are located during the uterine activity that is, 50s-100s for the pregnancy bursts and 40s-80s for the labor bursts. This common power is therefore clearly due to and related to the contractile activity of the uterus.
Based on Figure 1 , the uterine electrical activities occur between 40-100 s for the pregnancy bursts and 40-80 s for the labor bursts (segmented from the Tocographic trace).
The statistical rank test with surrogates is applied to the CWCF and WLCC methods. When the statistical test indicates that the values obtained are significant, the area where these values are located are contoured by a thick black line and any values obtained outside these regions (nonsignificant) are shown as blank. The arrows indicating the phase difference are plotted only inside the regions where the values are found to be significant.
In the case of the signals recorded during pregnancy, we notice a small area between 40 s and 100 s where the method shows significant values in the case of CWCFamplitude correlation- (Figure 3(a) ) and much larger area in the case of WLCC-phase correlation- (Figure 3(c) ). In the labor contraction we notice the opposite (between 40 s and 80 s): large areas of significance with CWCF and smaller ones with WLCC.
The comparison between CWCF and WLCC figures indicates that during pregnancy there is more phase correlation than during labor. At the opposite, there is more amplitude correlation during labor than during pregnancy (Figure 3 ). Some regions of significance can be seen outside the burst ranges that are probably due to noise. This is one of the disadvantages of both methods. The use of wavelet coherence that has great advantages is better in this respect because it can be applied to the whole signal without segmen tation.
The results of CWCF are similar to our previous results, with a method that computes the nonlinear amplitude relation between two signals in the time domain, that indicated an increase in the nonlinear correlation coefficient from pregnancy to labor [22] .
Concerning the wavelet phase synchronization results, Figure 4 indicates, either during labor or pregnancy, the highest phase synchronization is located at the lower frequencies of the signal. The phase synchronization is higher during pregnancy than during labor, which confirms the results of WLCC presented in Figure 3 .
In order to compare quantitatively between pregnancy and labor, the signals were numerically filtered in three frequency bands (0-0.25 Hz; 0.25-0.5 Hz; >0.5 Hz). Then the mean of WPS was computed for each band. By doing this, we aim to evidence for which frequency bands the highest phase synchronization is located. Our previous work indicated that the highest coherence (computed by wavelet coherence) was located at the lower frequencies [14] . We seek to confirm this result. The second aim of this analysis is to investigate the difference in phase synchronization (WPS) between pregnancy and labor bursts in order to find if this method can potentially be used as a tool to classify pregnancy versus labor EHG bursts.
The results in Table 2 correspond to the mean of WPS at different frequency bands calculated on 25 contractions (CTs) for 5 women during pregnancy (30 to 36 WG) and 25 contractions from 5 women during labor (delivery time of 39 to 42 WG). These results indicate that the highest phase The values indicate also that during labor the location of the high synchronization becomes clearer and that there is more difference between values at the low frequencies and higher ones, while this difference is less clear during pregnancy.
Discussion and Conclusion
In this paper, a study based on the Morlet wavelet transform is proposed to analyze the difference between uterine electrical activity bursts recorded from woman during pregnancy and others from women during labor. The wavelet transform, cross wavelet transform, phase correlation, amplitude correlation, and phase synchronization of the two types of uterine signals were described.
The scalogram exhibited the previously observed result: the presence of higher frequency components during labor than during pregnancy.
The cross-scalogram was used to detect where the highest common power was located between the two signals recorded during the same contraction. The highest common powers were found to be at lower frequencies during pregnancy than during labor.
WLCC and CWCF are two tools used to separate the phase and amplitude correlation. We used them in order to detect the nature of the relation between signals, for pregnancy and labor. The results indicate that there is more significant amplitude correlation in labor than during pregnancy and more significant phase correlation during pregnancy than in labor. Phase synchronization index in the time frequency domain, is then used to describe the phase synchronization between signals. The pregnancy signals were again shown to be more synchronized in phase than the labor signals.
We noted that the results of WLCC and CWCF are similar with the results of the EEG during the transition from preictal to ictal stages, a phase desynchronization and amplitude synchronization. The question can be raised if there are similarities in the underlying physiological interpretation of these phenomena.
Although the cross-scalogram, WLCC, CWCF, and wavelet phase synchronization can describe linear relationship between the two time series, nonlinear interactions between the two time series cannot be revealed by these methods. The next step will be the use of the bicoherence method, which is a powerful tool to detect the nonlinear relation between signals.
We also plan to use signals recorded during pregnancy and labor for the same woman. By studying the timefrequency synchronization longitudinally along the weeks of gestation, we expect to be able to define the parameters related to propagation that are most likely to evidence the change from the no-coherent and inefficient contractions, during normal pregnancy, to the strong and organized contractions of labor. If robust parameters of this type can be found, these methods can be used to predict preterm labor.
